This paper explores the role of internal and external knowledge in the generation of new technological knowledge. It implements the notion of recombinant knowledge generation function with the appreciation of: (i) the complementary-as opposed to supplementary-role of external knowledge and (ii) the role of the size and composition of the internal stock of knowledge. The empirical section is based upon a panel of companies listed on the main European financial markets for the period 1995 -2006. The econometric analysis is based on simultaneous equations. The results confirm that R&D efforts and external knowledge are indispensable inputs into the generation of new technological knowledge. KEY WORDS: Knowledge generation function, internal knowledge stock, external knowledge, complementarity of internal and external knowledge, knowledge composition
Introduction
This paper contributes the analysis of the process by means of which new technological knowledge is being generated. We define the object of our analysis as the knowledge generation function, as distinct from the technology production function. The knowledge generation function frames the generation of new knowledge as an economic activity. The technology production function, instead, analyses the contribution of technological knowledge to the production of other outputs. The knowledge generation function, has been first introduced in the literature, somewhat accidentally, by Griliches (1979) , actually articulated by Jaffe (1986) and enriched by Nelson (1982) . Weitzman (1996 Weitzman ( , 1998 , and Fleming and Sorenson (2001) characterized the generation of new technological knowledge as the output of the recombination of existing knowledge.
The paper aims to implementing the notion of the recombinant knowledge generation process, highlighting the complementary-as opposed to supplementary-and indispensable role of the knowledge generated by other firms and research institutions, as a strictly necessary input, together with the size and composition of the stock of existing knowledge internal to each firm and the stock of knowledge external to each firm, and the current efforts of R&D activities.
The rest of the paper is structured as it follows. Section 2 provides a synthetic account of the emergence of the knowledge generation function. Section 3 articulates the hypotheses about the complementarity of external knowledge and the role of the composition of the stock of knowledge with R&D activities in the knowledge generation process. A novel specification of the knowledge generation function is the result of the analysis. Sections 4 and 5 respectively present the data, the econometric model and the methodology used to test the hypotheses presented in Section 3. Section 6 discusses the results of the econometric tests. The conclusions summarize the results of the analysis and explore the implications.
From the Technology Production Function to the Knowledge Generation Function
The notion of knowledge generation function studies specifically the process and the inputs that make possible the generation of knowledge as an output. 2 The knowledge generation function differs from the technology production function, one of the pillars of the applied economics of innovation, where knowledge, next to capital and labour, is considered explicitly as an input in the standard production function for all the other goods (Griliches 1979 (Griliches , 1990 (Griliches , 1992 Romer 1990; Link and Siegel 2007; Cohen 2010) .
The identification of the knowledge generation function is the result of a long process that moves its first steps from the Arrovian analysis of knowledge as an economic good (Arrow 1962 (Arrow , 1969 Nelson 1959) . Preliminary attempts to identify a direct relationship between inputs and outputs in the generation of technological knowledge were first made in the growth literature by Phelps (1966) who called it "technology function" and "effective research function" and Gomulka (1970) who referred to the direct relationship between knowledge inputs and knowledge outputs as the "production function of innovations". Griliches (1979) explored the relationship between R&D activities and the knowledge output as a by-product of his attention to the structure of lags of R&D activities necessary to compute properly the stock of R&D capital. In a note he mentioned the "complication" that knowledge is itself a dependent variable in a "knowledge production function" where past and current R&D efforts are the independent variables. 3 It seems worth noting that Griliches, who introduced the technology production function in the literature and the notion of spillover to highlight the role of external knowledge, next to internal one, in the production of all the other goods, never considered the role of external knowledge in the generation of new technological knowledge, limiting its role to the production of all the other goods. At the same time Griliches should be credited with the first explicit appreciation of the role of the stock of knowledge next to that of current R&D efforts. In so doing, however, Griliches acknowledges the role of knowledge cumulability. Jaffe (1986) provides the first and explicit piece of empirical analysis of the knowledge generation function: the number of patents is treated as the output of a Cobb -Douglas production function where internal R&D expenditures together with the spillovers of related knowledge, generated by other firms, are the independent variables. 4 As matter of fact little attention has been paid, in the subsequent literature, to his Cobb-Douglas specification of the knowledge generation function. The Cobb-Douglas specification used by Jaffe implied that external knowledge was a complementary-as opposed to supplementary-input that could not be dismissed. In a region where no spillovers are available, even strong internal R&D efforts cannot generate any technological knowledge. Nelson (1982) articulated a clear knowledge generation function approach stressing the need to consider explicitly knowledge as the output of a specific and dedicated activity and to take into account the variety of inputs, complementary to R&D expenditures that make possible the generation of new knowledge. David (1993) marks the final step in the process stressing that knowledge is at the same time an input in the generation of new knowledge and in the production of all the other goods, but it is also and primarily the output of a dedicated activity. Weitzman (1996) opened a new literature that frames the new understanding of the knowledge generation as a recombinant process where existing knowledge items enter as inputs shedding new light on the role of knowledge indivisibility and cumulability. After much attention paid to the implications of knowledge non-appropriability, the effects of other key characteristics, such as non-exhaustibility, cumulability and complementarity, stemming from its intrinsic indivisibility, have been appreciated. Because no agent can command all existing knowledge, the recombination approach clearly implies a multiplicative relationship both between knowledge items and, at the firm level, between internal and external knowledge. Antonelli (1999) articulated the hypothesis that technological knowledge is the output of a bundle of dedicated activities such as learning, R&D, search and technological transactions and interactions with the scientific community that enable firms to acquire the four knowledge inputs, i.e. internal and external, tacit and codified knowledge that are necessary for the generation of new technological knowledge. Along these lines Patrucco (2008 Patrucco ( , 2009 ) used explicitly a Cobb-Douglas specification of the knowledge generation function to stress at the same time the complementarity between external and internal knowledge and their limited substitutability possible only within well-defined ranges. Fleming and Sorenson (2001) , Lucas (2009) and Arthur (2009) showed how the generation of technological knowledge follows a branching process where the previous modules feed the new ones. Da Silva (2014) introduced the "Jefferson's candle light effect" with the notion of knowledge multiplier defined by the extent to which external knowledge enhances the innovative capacity of each firm. The larger the knowledge multiplier, the stronger are the cumulative positive effects of external knowledge on the generation of new knowledge. The specification of the knowledge generation function as a combinatorial process can be regarded as the arrival point of a long research process with important implications for the empirical analysis.
A growing empirical literature has paralleled the advances of the theoretical analysis exploring the characteristics of the knowledge generation function. This stream of research has assessed the role of different measures and proxies for both knowledge inputs and knowledge outputs providing important contributions to better understand the complementarity of external knowledge to internal research and learning processes, and the heterogeneity of knowledge as a composite bundle of differentiated items (Antonelli and David 2015) .
The first empirical estimates of the knowledge generation function are quite simplistic and use R&D expenditures as the single input. Furman et al. (2002) follow Griliches and show that the differences in the levels of innovation activity across countries are explained by the differences in the level of inputs such as R&D manpower and spending invested in the generation of innovations. The empirical framework of the knowledge generation functions has been applied not only at the country level, but also at the regional level with interesting results with an elementary frame where the R&D expenditure is the single input and the patents granted to a given region are the output (Fritsch 2002; O hUallachain and Leslie 2007) .
The contribution by Cré pon, Duguet and Mairesse (CDM) (1998) marked a major progress in the empirical analysis from many viewpoints. To start with, the CDM approach provides the first econometric analysis of the knowledge generation function combined with the technology production function in a single framework. In so doing the CDM approach provided a broad econometric model into which the relationships between knowledge inputs, knowledge outputs and productivity are estimated within a four-equation model able to assess in parallel the effects of R&D expenditures not only on innovation counts but also on labour productivity and total factor productivity. In this sense the CDM model represents an empirical setting dedicated to the analysis of the relationship between innovation and productivity able to take into account also the generation of technological knowledge (Mohnen and Hall 2013) . The CDM approach, however, following strictly Griliches (1979 Griliches ( , 1990 Griliches ( , 1992 , does not consider the role of external knowledge in the generation of new technological knowledge. As a matter of fact the structured system of equations of the CDM approach raises the problematic issue of assigning knowledge externalities: whether they enter the technology production function or the knowledge generation function, or both. Nesta and Saviotti (2005) made a major innovation in the empirical analysis of the determinants of the generation of new knowledge at the firm level overcoming the limitations of regarding knowledge as a homogeneous bundle. In their analysis on a sample of US pharmaceutical firms, Nesta and Saviotti called attention on the characteristics of the stock of knowledge as a central input into the generation of new knowledge and analysed the relationship between the coherence of the knowledge base and a firm's innovative performance, as measured by means of citation-weighted patent count.
Because technological knowledge is not homogeneous, the composition of the stock of knowledge matters as well as its sheer size. The shorter is the distance between different types of knowledge, the higher the capability of a firm to absorb external knowledge and to combine it with its internal knowledge, cumulated over time. Furthermore, this representation provides the basis to move to empirical analyses by constructing an image of the knowledge base as a network in which the nodes are constituted by units of knowledge at a given level of aggregation. Such empirical investigations can be successfully conducted by exploring the full set of information contained in patent documents and exploiting as a relevant source of information, about the qualification of each knowledge item, the assignment of patents to multiple technological classes (Saviotti 2004 (Saviotti , 2007 Krafft et al. 2011; Nesta and Dibiaggio 2003; Quatraro 2010; Colombelli et al. 2013 Colombelli et al. , 2014 . Conte and Vivarelli (2005) identify formal R&D activities and the acquisition of external knowledge, as the key inputs of three alternative measures of innovative output. The evidence provided by Conte and Vivarelli confirm that external knowledge is a necessary and indispensable input strictly complementary to internal R&D activities.
Because of the relevant costs of absorption of external knowledge, knowledge externalities can be considered as pecuniary rather than pure externalities. Knowledge spills, but its use-as an input into the generation of new knowledge-is not free: dedicated resources are necessary to use external knowledge. As such knowledge externalities are pecuniary rather than pure (Cohen and Levinthal 1990; Colombelli and von Tunzelmann 2011) . Following this line of analysis Gehringer (2011a Gehringer ( , 2011b Gehringer ( , 2012 uses input -output tables to track the flows of pecuniary knowledge externalities and provides substantial evidence on the key role of external knowledge provided by upstream suppliers to downstream users showing how the flows of knowledge parallel the flows of goods contributing to the downstream generation of new technological knowledge. Her evidence confirms, once more, the relevance of user-producer transactions as carriers of knowledge interactions (Von Hippel 1988) . Jaffe (1989) applies his original approach to explore the effects of academic research on the generation of technological knowledge by firms localized in proximity. He is able to identify significant effects of academic research on the number patents filed by firms particularly in the areas of drugs and medical technology and electronics, optics and nuclear technology. Once again, Jaffe had taken one step forward suggesting that academic research may actually induce R&D activities of co-localized firms. Strumsky, Lobo, and Van der Leeuw (2012) and Youn et al. (2014) provide rich evidence, based upon US patent records dating from 1790 to 2010, to analyse the evolving distribution of patents across technological classes and explore the characteristics of the combinatorial process that is at the heart of the knowledge generation process identifying the central role of the mix of exploitation and exploration of the existing technological knowledge.
The technology management literature has much contributed to appreciating the central role of external knowledge in the generation of new knowledge with the open innovation approach to assessing the role of the acquisition of external knowledge inputs and their systematic integration into the knowledge generation process (Chesbrough 2003; Chesbrough, Vanhaverbeke, and West 2006) .
An array of detailed empirical studies shows that external knowledge can be sourced by means of a variety of tools: user-producer interactions, mobility of personnel among firms, interactions with academic research. In all cases the specific screening and re-assessment of the items of existing knowledge is necessary to their subsequent active inclusion and External and Internal Knowledge 277 integration as inputs of the knowledge generation process. The current levels of R&D expenditures of each agent do play a role, but only in a context that is shaped by the past of each firm and by the characteristics of the system into which it is localized (Feldman 2003; Antonelli, Crespi, and Scellato 2013) . Love and Roper (2009) explore the use of external knowledge in four discrete stages of the innovation process (new product development: identifying new products, product design and development, product engineering and product marketing) and test their complementarity with internal research activities in an innovation production function where the output is measured by the percentage of sales derived from innovative products. Their empirical results, however, are influenced by the methodological approach that does not allow to take into account the positive effects of the substitution of either activity with others according to changes in their relative costs. Johansson and Loof (2008 , 2014 in a remarkable string of contributions call back the attention to the role of spillovers to generate technological knowledge and stress the complementarity of internal efforts with external knowledge focusing their mutual complementarity. While much attention is paid to the role of spillover, little attention is paid to the need for agents to participate actively in the process. Internal efforts are necessary both to scan the available external knowledge and to absorb it. Agents with low levels of commitments to R&D activities can benefit very little of the generous opportunities offered by regions rich in technological spillovers (Veugelers and Cassiman 1999; Cassiman and Veugelers 2006; Griffith et al. 2003; Ruckman 2008) .
The Hypothesis: External Knowledge as an Essential Input in the Recombinant Generation of New Technological Knowledge
The recombinant knowledge approach has paved the way to elaborate a new frame of analysis able to accommodate the central role of existing knowledge, including external knowledge, as an input into the generation of new knowledge. As Weitzman recalls, "when research is applied, new ideas arise out of existing ideas in some kind of cumulative interactive process that intuitively has a different feel from prospecting for petroleum" (Weitzman 1996, 209) . This insight has led to the so-called recombinant approach: new ideas are generated by means of the recombination of existing ideas under the constraint of diminishing returns to scale in performing the R&D activities that are necessary to apply new ideas to economic activities. The generation of new knowledge stems from the search and identification of elements of knowledge that had been already generated for other purposes and yet possess characteristics and properties that had not been previously considered. The search for existing knowledge items, that can be recombined and used as input in the generation of new knowledge, is strictly necessary: external knowledge is actually indispensable for the generation of new technological knowledge.
Existing knowledge is both internal to the firm, stored in the stock of competence and knowledge accumulated in the past and external to each firm. In this case it can be accessed by means of knowledge interactions and transactions with suppliers, customers and other agents qualified by substantial proximity. The appreciation of the generation of new technological knowledge as a recombinant process that consists of the reorganization and reconfiguration of the relations among existing knowledge items enables to better appreciate the effects of knowledge indivisibility, articulated in internal cumulability and external complementarity in the generation of new knowledge. The generation of new technological knowledge, at each point in time, by each agent, in fact, is strongly influenced not only by the internal accumulation of knowledge but also by the flows and stocks of knowledge made available by the other firms that belong to the system into which each firm is embedded.
The recombinant approach enables to appreciate the central role of two important inputs into the generation of new technological knowledge such as the knowledge base of each firm as qualified by the size and the composition of stock of knowledge that each firm possess, and the stock of knowledge that is external and yet highly complementary, hence indispensable, to the knowledge generation activities undertaken by each firm.
The analysis of the composition of the internal stock of knowledge enables to qualify the characteristics of the knowledge base of each firm. Technological knowledge cannot be regarded as a homogeneous pile but rather as a composite bundle of highly differentiated and idiosyncratic elements that are qualified by specific relations of interdependence and interoperability. This approach enables to identify the extent to which the generation of new technological knowledge in a field depends upon the contributions of knowledge inputs stemming from other fields.
Our basic hypothesis is that external knowledge is an essential and strictly complementary-as opposed to supplementary-input into the generation of new knowledge. At each point in time, no agent possesses all the knowledge inputs that are necessary to feed the recombinant process. Hence, agents need to access the variety of knowledge items that are possessed and used by the other firms and learning institutions that belong to the system. The search and the absorption of external knowledge is necessary. External knowledge and internal R&D efforts and learning are "Kremer" complementary.
It is important here to stress the distinction between Edgeworth and Kremer complementarity. According to the Edgeworth complementarity two activities are complementary if doing more of one activity increases the returns from doing the other (Milgrom and Roberts 1994) . Edgeworth complementarity applies to two interdependent yet separate activities, but not to the (constant returns to scale) production processes and specifically to the knowledge generation process. In this latter case the mix of external and internal knowledge is the result of a constrained choice and includes the well-known possibility that, within the constraints of their relative costs, in order to increase output, it may be necessary to increase the amount of external knowledge and reduce the amount of the internal one or the other way around. An increase of pecuniary knowledge externalities stemming from the reduction of screening and absorption costs of external knowledge, leads to reorganizing the knowledge generation process with the fruitful substitution of (more) external knowledge to (lesser) internal one, that makes it possible to increase the knowledge output. Yet none of the two inputs can be reduced to zero levels. The O-ring production process seems the most appropriate representation of the recombinant generation of technological knowledge where the substitution between the basic inputs can take place but only within the well-defined limits dictated by the intrinsic complementarity of the inputs (Kremer 1993) .
In sum, new knowledge can be generated, by means of the recombination of existing knowledge items, when, where and if:
(a) an intentional action directed to its generation is undertaken. New technological knowledge does not fall like manna from heaven. A broad array of activities is
External and Internal Knowledge 279 necessary to activate the recombination process. They include R&D and learning activities, as well as other ones necessary to access, retrieve, learn, absorb and eventually use again the knowledge that has been produced in the past. This knowledge is stored in the stock of knowledge and competence that each firm has accumulated, on the one hand, and in the stock of knowledge that is external to each firm, on the other hand: this contrasts the passive attitude that would characterize the perspective users of technological spillovers. Other activities are necessary in order to exploit the technological knowledge that has been generated. R&D expenditures cover only a subset of these activities. Investment in intangible assets provide a reliable proxy for the broad array of activities that are necessary to explore the existing stock of knowledge, both internal and external to each firm, master the recombinant generation of new technological knowledge and exploit it. (b) the knowledge base of each firm is identified and the role of previous knowledge is fully appreciated. The knowledge base of a firm is identified by the size and the composition of the stock of knowledge that each firm has been able to generate in the past. The knowledge base exerts its positive effects in the long run and enters directly as an input the knowledge generation function. (c) external knowledge is a crucial, indispensable input into the generation of new technological knowledge. Because of the localized character of knowledge externalities and their strong tacit component interactions matter. Each agent has access only to localized knowledge interactions and externalities, i.e. no agent knows what every other agent in the whole system at large knows interactions matter. Consequently, proximity in a multidimensional space, in terms of distance among agents and their density, matters. Agents are localized within networks of transactions and interactions that are localized subsets of the broader array of knowledge externalities, interactions and transactions that take place in the system. The wider and easier the access to the localized pools of knowledge, the larger is the amount of technological knowledge that each firm is able to generate for given levels and composition of the internal stock of knowledge and the amount of current efforts in R&D activities. (d) the stocks of external and internal knowledge and the external and internal flows of R&D activities are mutually complementary. This has two important implications: (i) no agent can generate new technological knowledge without the access to external knowledge; (ii) no agent can generate technological knowledge without appropriate internal research and learning efforts even in a context that provides rich knowledge externalities.
Dataset
Our source of data is the IPER 5 database, which collects information on 3,882 companies listed on the main European markets (UK, Germany, France, Italy and the Netherlands).
The IPER database has been built by matching information from multiple sources of data.
Our main source of market and accounting data is Thomson Datastream, which delivers worldwide economic and financial time series data. To obtain additional relevant variables,
we include in the dataset information collected from AMADEUS by Bureau Van Dijk, which contains financial information on European companies. In order to match information from the two databases described above, we used the ISIN code, the International Securities Identification Number (ISIN) which uniquely identifies a security.
Our final sample includes all companies listed on the selected markets and active in 2010 for which we were able to collect the necessary information from the abovementioned data sources and represents the 42% of the population of active listed companies in the period and countries analysed. We also use data from the OECD REGPAT database, which provides regional information on the addresses of patent applicants and inventors as well as on technological classes cited in patents granted by the European Patent Office (EPO) and the World Intellectual Property Organization (WIPO), under the Patent Co-operation Treaty (PCT), from 1978 to 2006. In order to match the firm level data with data on patents, we draw on the work of Thoma et al. (2010) , which develops a method for harmonization and combination of large-scale patent and trademark datasets with other sources of data, through standardization of applicant and inventor names.
Finally, we pooled the dataset by adding industry level information from the STAN database, which provides information at the industry level for the OECD countries.
Our sample is an unbalanced panel that includes 1,156 R&D reporting firms and 484 companies that submitted at least one patent application to the European Patent Office in the period 1995-2006. Moreover, in order to build the cognitive distance index, which measures the dissimilarity between two technologies (see Section 4.1 for details), Equation 4 focuses on 101 companies that submitted at least one patent application to the EPO only if this patent has been assigned at least to two technological classes.
This may cause some biases in the estimations if missing data are non-random. The econometric techniques we implement (which are described in detail in Section 5) allow for the mitigation of this problem. In particular, the estimation methods implemented allow us to account for the fact that only a subsample of firm is engaged in research activities and that only relatively few firms have patents.
The period of observation for all the firms examined is 1995-2006. Table 1 reports the sample distribution by macro-sector classes. High and medium-high technology classes are highly represented in the sample of R&D reporting and patenting firms while knowledge External and Internal Knowledge 281 intensive services are highly represented in the whole sample and in the sample of R&D reporting firms.
Methodology and Variables
Our econometric strategy takes into account the many problems inherent to the model and to the nature of the data. First, only a minority of firms are engaged in (formal) R&D activities, so that studies restricted to these firms are prone to such biases. Also only relatively few firms have patents, and thus, analyses limited to them may be similarly biased. In addition, patents being count data require specific econometric methods to handle them. Finally, there is the major issue of the endogeneity of innovative input and output, and more generally of the simultaneity in our model as R&D is endogenous in the innovation equation.
We treat all these estimation problems by relying on a recursive model that is an extension of the model developed by Cré pon, Duguet and Mairesse. In so doing, we rely on a model comprising a system of equations. We take care of selection problems and of the specific nature of variables by using a Heckman procedure and a count data specification for patents, respectively. We deal with simultaneity by using a two-stage estimation procedure.
It is worth noting that, the original CDM model is based on three distinct, but interrelated relationships: (1) the research equation linking the knowledge input with its determinants; (2) the knowledge generation equation relating knowledge inputs to knowledge output; (3) the productivity equation relating knowledge output to productivity.
Following this seminal work, more recently a number of studies have applied the CDM model to analyse the determinants of the knowledge generation process. In this stream of the literature it is possible to identify two groups of works: (i) those studies based on an application of a fully-structured CDM model, taking into account all three stages of the model; (ii) those studies based on a partial structured model, taking into account at least one link between the three stages. Given our focus on the role of knowledge in the generation of new technological knowledge, we follow this latter group of works and apply an extended version of a CDM partial structure model.
More precisely, we focus on the first two stages of the CDM model and analyse the determinants of the knowledge inputs and the equations that test the knowledge generation function.
First, firms decide on whether they perform R&D and, if so, by how much. Then, depending on the extent of their R&D and other factors, they achieve a certain knowledge output. Hence, our model consists of two groups of equations:
Research equations:
(1) Firms' decision to engage in R&D activities (2) The determinants of the amount of R&D activities and Knowledge generation equations:
(3) The probability to patent (4) The knowledge generation function
The following sections describe the econometric methodologies and the specifications used for the estimations of the model's 4 equations.
R&D Equations
To describe the firm research behaviour, we rely on a two equations model, where the first equation accounts for the fact that the firm is engaged in research activities, and the second one for the intensity of these activities.
Let D_R&D it * be the latent dependent variable whether to invest in R&D or not, and LnR&D it * be the latent or true intensity of R&D investment of firm i. D_R&D it and LnR&D it are the corresponding observed variables.
The two-equation R&D investment model is written as follows:
with
The x 1 it and x 2 it are the explanatory variables, b 1 and b 2 the respective coefficients. k 1 i e k 2 i represent unobserved characteristics that are fixed over time and u 1 it and u 2 it are the individual-specific unobserved disturbances. The variable LnR&D it is only observable if D_R&D it ¼ 1.
The independent variable explaining, first, the probability to engage in R&D activities and, second, the intensity of these activities, is intangible assets. Investment in intangible assets seems to provide a reliable proxy for the broad array of activities that are necessary to explore the existing stock of knowledge, both internal and external to each firm, master the recombinant generation of new technological knowledge and exploit it. Moreover, in the selection Equation 1 we include a measure of firm size. Finally, both equations include a set of industry and time dummies to capture market and cycle conditions (see Section 5.3 for all variables' detailed specification).
We estimate Equations 1 and 2 following two approaches. The first approach is the Heckman two-step sample selection procedure (Heckman 1979) . Hence, the first equation is estimated using a probit; the second equation is estimated in levels by pooled ordinary least squares (OLS) and includes the Inverse Mill's Ratio (IMR) as an explanatory variable to correct for possible selection bias. Yet, with panel data, OLS estimates on the selected subsample are inconsistent if selection is non-random, and/or if correlated individual heterogeneity is present. We thus adopt also the estimation method proposed by Wooldridge (1995) that can be used in a panel setting to take into accounts that there may be some unobserved time-variant factors that can affect selection and influence R&D levels through the error term. In this approach, the time-invariant effects are assumed to be linked with x 1 it through a linear function of k 1 i on the time averages of x 1 it (denoted with x 1 i _bar) and an orthogonal error term a i which exhibits no variation over time and is independent of x 1 it and u 1 it :
Hence Equation 1 can be rewritten as follows:
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In this approach, Equation 2 can be rewritten as follows:
where l it is the IMR and v 2 it is an orthogonal residual. Wooldridge (1995) proposes to estimate Equation 2 by including the t IMRs obtained from the selection equation for each time period along with the regressors. Moreover, as the error term is allowed to be correlated with the IMRs, Equation 2a can be consistently estimated by pooled OLS. We followed the procedure described by Wooldridge (2010) and calculated panel bootstrapped standard errors clustered by firm. This allows for obtaining standard errors corrected for first stage probit estimates and robust to heteroskedasticity and serial correlation.
The two approaches by Heckman and Wooldridge allow predicting the potential R&D for not reporting firms.
The Knowledge Generation Function
To describe the generation process that goes from knowledge inputs to knowledge output, we rely on a two-equation model. The first equation (Equation 3>) accounts for the fact that only relatively few firms have patents, and thus analyses limited to them may be biased. The second equation (Equation 4) is the knowledge generation function.
Equation 3 is formalised as follows:
D_PAT it is the observed dichotomous variable taking value 1 if the firm has applied for a patent and D_PAT* it is the corresponding latent variable. Equation 3 is estimated using the predicted values for all firms obtained from the estimations of steps (1) and (2). 6 As a consequence, Ln d R&D it is the prediction of the R&D intensity variable from Equation 2 and, alternatively, Equation 2a and a is the corresponding coefficient. x 3 it is a vector of other explanatory variables including the IMR as an explanatory variable to correct for possible selection bias.
Equation 3 tests the hypothesis that the probability to patent is determined by: (i) the estimated levels of R&D activities, (ii) the amount of external knowledge, (iii) the size of the firm and (iv) the interaction term lnR&D_hat *lnRegK that is expected to catch the multiplicative complementarity between internal and external knowledge. Note that the interaction term is expected to catch the complementarity between the current internal learning and research efforts of each agent and the current efforts of all the other firms co-localized. This specification enables to test the hypothesis that the decision to generate new technological knowledge is contingent upon the flow of current research and learning efforts of co-localized firms. We estimate Equation 3 using a standard probit estimator.
Finally, Equation 4 tests the knowledge generation function (1) where the knowledge output is measured in terms of number of patents while all terms on the right hand side enter in logarithmic form. Equation 4 is formalised as follows:
it are the explanatory variables and b 4 the respective coefficients. Here, the output measure is explained by three sets of independent time varying variables that identify the specific relevant characteristics of the size and of the internal knowledge base and the amount of external knowledge respectively. The internal knowledge base here plays a central role in order to appreciate the effects of knowledge cumulability both in terms of its size, as measured by the stock of patents and its composition, as measured by the cognitive distance (see Section 5.4 for its detailed specification). Finally, the alternative interaction term (lnRegK *lnKSTOCK) that is expected to catch the multiplicative complementarity between internal and external knowledge (see Section 5.3 for their detailed specification).
As the dependent variable, i.e. N_Pat, measuring the number of a firm patents, is a count variable, Equation 4 is estimated using count models that prove more appropriate in dealing with non-negative integers.
More precisely, Equation 4 can be estimated by means of either a Poisson or a negative binomial model. Because our dependent variable is over-dispersed, as showed in Table 3 by the fact that its variance is far larger than the mean for the sample of patenting firms, the negative binomial estimator seems to be more appropriate. Moreover, since firms included in our sample belong to all industrial sectors, they show a different patenting behaviour. For this reason, Equation 4 can be estimated by a zero-inflated regression model. Zero-inflated models attempt to account for excess zeros by means of the estimation of two equations simultaneously, one for the count model and one for the excess zeros. In other words, zero-inflated models deal with two sources of over-dispersion: a qualitative part, which explains the presence or absence of patent count, and a quantitative part, which explains the positive patent count for firms having at least one patent in a given year time. Zero-inflated regression models might be a good option if there are more zeros than would be expected by either a Poisson or negative binomial model. We thus finally use a zeroinflated negative binomial regression estimator. To account for the panel nature of our dataset, we cluster on firms identifiers to correct the standard errors for within cluster similar values.
Variables Measurement Methods
In this section we describe all variables measurement method.
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D_R&D is a dummy taking value 1 if firm's R&D expenditures are positive. The variable lnR&D is specified in relative terms, as the ratio of R&D expenditures to total assets for firm i at time t 2 1. 7 LnIA is the logarithm of intangible assets for firm i at time t 2 1 and is used in Equations 1 and 2 to predict R&D expenditures.
In order to appreciate the effects of the internal stocks of knowledge of firms, we have included the variable lnKSTOCK measured in terms of the number of patents held by each firm. This is computed by applying the permanent inventory method to patent applications. We calculate it as the cumulated stock of patent applications using a rate of obsolescence of 15% per annum. The choice of the rate of obsolescence raises some basic issues as to which is the most appropriate value. There are indeed a number of studies moving from Pakes and Schankerman (1979) and Schankerman (1998) that attempted to estimate the patent depreciation rate. However, for the scope of this paper we follow the established body of literature based on Hall et al. (2005) that applies to patent applications the same depreciation rate as the one applied to R&D expenditures (see for example McGahan and Silverman 2006; Nesta 2008; Laitner and Stolyarov 2013; Rahko 2014) .
where h _ it is the flow of patent applications and d is the rate of obsolescence. We finally compute the logarithm of the patent stock.
The variable lnCD accounts for the composition of the stock of knowledge internal to each firm and qualifies its knowledge base in terms of cognitive distance (lnCD). Following the recombinant knowledge approach, this index expresses knowledge dissimilarities amongst different types of knowledge. (See Section 5.4 for the specification and measure of this variable).
The third set of variables accounts for the contribution of the knowledge that is external to each firm at time t but made accessible by proximity. Here lnRegK measures the patenting activities of firms localized within the same region and as such can produce positive pecuniary knowledge externalities mainly based upon the mobility of skilled personnel and more generally of the array of knowledge interactions that make cheaper the access and use of external knowledge.
We also include a dedicated variable to account for the contribution of the knowledge that is external to each firm but made accessible by inter-regional knowledge flows. Here lnExtRegK measures the patenting activities of firms localized outside the firm's region and aims at capturing the role of the sources of external knowledge that are far away from firm i. The variable has been computed as the number of patents (in Log) in the NUTS2 regions of the EU-24 member states, weighted using distance from firm's i region at time t 2 1.
Moreover, to catch the multiplicative cumulability between internal and external knowledge in Equation 3, we develop the interaction term lnR&D_hat *lnRegK.. Specifically in this interaction term the levels of estimated R&D activities at the firm level multiply the levels of external knowledge in terms of patenting activities.
In addition, to catch the multiplicative cumulability between internal and external knowledge in Equation 4, we develop the interaction term lnRegK *lnKSTOCK Here, the stock of knowledge at the firm level multiplies the levels of external knowledge. This specification enables to test the hypothesis that the amount of knowledge output that a firm is able to generate is contingent upon the multiplicative relationship between the internal stock of knowledge and the levels of current efforts of all the other co-localized firms.
We finally included a set of control variables. The variable lnSize controls for the firm's dimension and is measured as the Log of firm's sales (deflated using industry deflators). Moreover we included both sectoral and time dummies in order to control for industrial and time effects. For each variable the measurement method is defined in Table 2 while descriptive statistics are reported in Table 3 . The correlation matrix can be found in Table 4 .
The Cognitive Distance Index
The implementation of the cognitive distance index, proxying for similarity, rests on the recombinant knowledge approach. In order to provide an operational translation of such concept one needs to identify both a proxy for the bits of knowledge and a proxy for the elements that make their structure. For example one could take scientific publications as a proxy for knowledge, and look either at keywords or at scientific classification (like the JEL code for economists) as a proxy for the constituting elements of the knowledge structure. Alternatively, one may consider patents as a proxy for knowledge, and then look at technological classes to which patents are assigned as the constituting elements of its structure, i.e. the nodes of the network representation of recombinant knowledge. In this paper we will follow this latter avenue. Each technological class l is linked to another class j External and Internal Knowledge 287 when the same patent is assigned to both of them. 8 The higher the number of patents jointly assigned to classes l and j, the stronger is this link. Since technological classes attributed to patents are reported in the patent document, we will refer to the link between l and j as the co-occurrence of both of them within the same patent document. 9 On this basis we calculated the Cognitive Distance (CD), which expresses the average degree of dissimilarity amongst different types of knowledge (Nooteboom 2000) . A useful index of distance can be derived from technological proximity proposed by Jaffe (1986 Jaffe ( , 1989 , who investigated the proximity of firms' technological portfolios. Breschi et al. (2003) adapted this index to measure the proximity or relatedness between two technologies. We define P lk ¼ 1 if the patent k is assigned the technology l [l ¼ 1, . . . , n ], and 0 otherwise. The total number of patents assigned to technology l is o l ¼ P k P lk . Similarly, the total number of patents assigned to technology j is o j ¼ P k P jk We can, thus, indicate the number of patents that are classified in both technological fields l and j as: . By applying this count of joint occurrences to all possible pairs of classification codes, we obtain a square symmetrical matrix of co-occurrences whose generic cell V lj reports the number of patent documents classified in both technological fields l and j.
Technological proximity is proxied by the cosine index, which is calculated for a pair of technologies l and j as the angular separation or un-centred correlation of the vectors V lm and V jm . The similarity of technologies l and j can then be defined as follows:
The idea behind the calculation of this index is that two technologies j and l are similar to the extent that they co-occur with a third technology m. Such measure is symmetric with respect to the direction linking technological classes, and it does not depend on the absolute size of technological field. The cosine index provides a measure of the similarity between two technological fields in terms of their mutual relationships with all the other fields. S lj is the greater the more two technologies l and j co-occur with the same technologies. It is equal to one for pairs of technological fields with identical distribution of co-occurrences with all the other technological fields, while it goes to zero if vectors V lm and V jm are orthogonal (Breschi et al. 2003) . Similarity between technological classes is thus calculated on the basis of their relative position in the technology space. The closer technologies are in the technology space, the higher is S lj and the lower their cognitive distance (Breschi et al. 2003; Engelsman and van Raan 1994; Jaffe 1986) .
The cognitive distance between j and l can be therefore measured as the complement of their index of technological proximity:
Having calculated the index for all possible pairs, it needs to be aggregated at the firm level to obtain a synthetic index of technological distance. This is done in two steps. First we compute the weighted average distance of technology l, i.e. the average distance of l from all other technologies.
where P j is the number of patents in which the technology j is observed. The average cognitive distance at time t is obtained as follows:
In our model the variable is included in logarithm (lnCD).
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6. Results Table 5 shows the results for the R&D equations estimated using the Heckman and the Wooldridge procedures. More precisely, the estimates of Equations 1 and 2 are reported in column (1) and (2). The t estimates of Equation 1a are reported in Appendix A while the estimates of Equation 2a are reported in column (2a). The two set of equations allow predicting the potential R&D for not reporting firms. Table 6 shows the estimation results for Equation 3 and the extended one that includes the interaction variable. Columns (3) and (3 0 ) show results if the levels of R&D are estimated using the Heckman procedure while columns (3a) and (3a 0 ) if the levels of R&D are estimated using the Wooldridge procedure. Our results confirm the hypothesis that the probability to patent is determined by: (i) the estimated levels of R&D activities, (ii) the amount of external knowledge, (iii) the size and (iv) the complementarity between internal and external knowledge. First, R&D activities contribute to a significant effect the generation of new knowledge, as confirmed by the positive and significant coefficient of lnRED_hat. Second, the positive and significant role of the external knowledge is confirmed by the results of the lnRegK variable. Moreover, in order to check further the role of the external knowledge, we also included in our model a variable measuring the patenting activities of firms localized outside the firm's region (lnExtRegK) . lnExtRegK turns out to be significantly related to the probability of generating new technological knowledge only in two out of four regressions. Finally, the interaction term proved to be positively and significantly related to a firm probability to patent (columns 4 0 and 4a 0 ). Table 7 shows the results of the zero-inflated negative binomial regression estimations for Equation 4 and the extended one that includes the interaction variable. Columns (4) and (4') show results if the levels of R&D are estimated using the Heckman procedure while columns (4a) and (4a') if the levels of R&D are estimated using the Wooldridge procedure. The negative and significant results of the knowledge base, specified as the multiplicative relation between the stock of patents and their cognitive distance (LnCD* lnKSTOCK), suggests first that stocks of patents with high levels of similarity exert positive effects on the generation of new knowledge. This means that when firms focus their search activity in a region of the knowledge space that is close to their accumulated competences, they are more likely to get to the successful generation of new knowledge. Second, the interaction term (lnRegK * lnKSTOCK), designed to catch the multiplicative interaction between internal and external knowledge, exerts a positive and significant impact on the generation of new knowledge.
These results fully confirm our hypothesis that the generation of new technological knowledge is affected by the complementarity between the internal and the external knowledge and by the composition and the size of the stock of internal knowledge.
Conclusions
The knowledge generation function is an important tool that enables to open the black box of the knowledge generation process. External and Internal Knowledge 291
The Arrovian analysis of knowledge as an economic good defined its key attributes not only in terms of limited appropriability and poor tradability, but also of indivisibility declined in terms of complementarity and cumulability. The discovery of knowledge spillovers unveiled the positive effects of limited appropriability. The analysis of knowledge indivisibility enabled to explore the knowledge generation process and to appreciate the two key dimensions of cumulability not only of the different vintages of internal knowledge, but also in terms of their complementarity with the external knowledge spilling from R&D activities conducted by other firms and their knowledge stocks.
The efficient and effective generation of new knowledge at time t is possible only standing upon the shoulders of the technological knowledge that has been generated until that time both by the very same firm and by the other firms in the geographical, technological, and industrial proximity. Since no agent can command all the technological knowledge that has been generated at each point in time and the limited appropriability of technological knowledge engenders the possibility to access, absorb and use the knowledge that has been generated by third parties, the knowledge external to each firm plays a key role in the generation of new technological knowledge.
The early specifications of the knowledge generation function did not pay attention to the characteristics of knowledge as an economic good and did not take advantage of their important implications to understand the characteristics of the dynamic process that make the generation of new technological knowledge possible. In our specification the output of knowledge is generated not only by means of the internal stock of knowledge and the flow of R&D expenditures: the stock and the flow of knowledge external to each firm enter the knowledge generation function as Kremer complementary and essential inputs, and their composition plays an important role. The results of our empirical analysis confirm the strong and positive role of the stock of knowledge possessed by each firm, the key role of its composition and the crucial role of both the flow and stock of external knowledge.
These results have important implications on four counts. First they help to put the excess attention paid to R&D expenses in the appropriate context grasping the role of the other essential factors in the knowledge generation process.
Second, the specific endowment cumulated in the past through time and represented by the size and the composition of the stock of technological knowledge exerts long-term effects on the actual capability of firms to generate new technological knowledge. These effects can be altered and affected by the current effects of the efforts of R&D expenditures that each firm is able to fund and perform at each point in time and by the quality of the pools of external knowledge to which each firm can access.
Third, technological knowledge cannot be any longer regarded as a homogeneous bundle. Its composition in terms of specific components must be appreciated and taken into consideration both from a policy and a strategy viewpoint. The identification of the actual levels of complementarity of the types of knowledge available in the stock of the firms must be closely assessed when public interventions to support the introduction of innovations and strategic actions by firms are at stake.
Fourth, the appreciation of the key role played by external knowledge enables to fully understand the systemic conditions that shape and make the generation of new technological knowledge possible. The generation of new technological knowledge is influenced by the individual characteristics of each firm such as the past accumulation of knowledge and the current commitment of resources to research, but requires the access to the complementary knowledge that are external to each firm because they have been generated and are-partly-possessed by other firms in geographical, industrial and technological proximity. The generation of technological knowledge cannot be regarded as the result of a stand-alone activity but rather as the product of a collective process. This leads to the identification of innovation as an emergent property of a system. The characteristics of the system are crucial to assess the amount of the knowledge being generated.
Finally, our results are important for their implications for both public policy and corporate strategy. The appreciation of the strong "Kremer" complementarity between the pecuniary knowledge externalities stemming from the external knowledge, and the current inputs together with the size and the composition of the internal stocks of knowledge, calls attention on heavy influence of the size and density of the localized pools of knowledge as shaped by the knowledge possessed by other firms and by the networks to which firms are able to participate on the actual amount of knowledge that a firm is able to generate with given levels of R&D activities. Innovation strategies should pay attention to the quality and quantity of knowledge externalities available in the selection of location sites. Innovation policies should focus the improvement of the quality and quantity of knowledge externalities as an effective tool to support the rate of introduction of new technologies.
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